Introduction
The application of mechanical ventilation is a well established procedure that is used routinely in intensive care medicine. It often is a life-saving intervention and allows the patient to overcome the physiological impact of surgeries, trauma or critical illness. The primary goal for the clinician is to find appropriate ventilator settings that allow sufficient oxygenation and carbon dioxide removal for the patient. The standard method of finding the correct setup is the titration of ventilator settings in combination with frequent blood gas analysis. The application of physiological models provides predictions of patient reaction to certain ventilator settings, both speeding up the process of adjusting ventilation parameters as well as decreasing the usage of blood gas samples as a tool to verify the patient's oxygenation status. One example for the use of mathematical models would be to identify the correct minute ventilation to ensure a certain carbon dioxide removal from the patient's body. Previous tests have revealed that some published models of gas exchange show limitations when used to reproduce measured end-tidal CO 2 (etCO 2 ) that are found at different levels of minute ventilation [1] . We are therefore presenting a model of ventilation-perfusion mismatch that is able to capture patient reaction to changes in minute ventilation. On a practical perspective, models used in medical decision support should be identifiable from a minimal set of measurements requiring only a small number of interventions in the patient. Therefore, we have tested how model based prediction of etCO 2 performs when only a fraction of the available data is used for parameter identification.
Methods
The presented model consists of a total of four lung compartments, each representing different levels of ventilation-perfusion (V'/Q) mismatch: one non-perfused deadspace compartment (V'/Q=∞) [2] , one non-ventilated shunt compartment (V'/Q≈0) as well as two alveolar compartments with variable V'/Q [3, 4] . Additionally, the model comprises one body tissue compartment, where oxygen is consumed and carbon dioxide is produced [5] . The volume of the two alveolar compartments is timevarying to simulate within-breath alterations of alveolar partial pressures of oxygen and carbon dioxide. Thus the model is able to simulate tidal breathing patterns as observed in capnometric measurements. Figure 1 shows a schematic representation of the proposed model. .
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Dead-space compartment Shunt Figure 1 : Schematic structure of the proposed gas exchange model. The model comprises four lung compartments: dead space, shunt and two alveolar compartments with differing V'/Q ratios. F I , F D , F A are inspiratory, dead space and alveolar gas fractions, respectively. V' is gas flow, V D is dead space volume, V A is alveolar volume. Q depicts cardiac output. Parameters fs, fQ and fA denote shunt fraction, perfusion distribution and air distribution, respectively. C is gas content in blood, with subscripts being e -end-capillary, aarterial and v -venous.
The model has been confronted with etCO 2 measurements from patients undergoing general anaesthesia with endotracheal intubation and mandatory ventilation. Minute ventilation was alternated by modifying respiration frequency while keeping tidal volume on a constant level. Ventilation was started with 12 or 14 breaths per minute and was altered when end-tidal CO 2 had reached a new equilibrium [6] . The presented model was adapted to measured data by tuning shunt fraction, V'/Q ratios in the alveolar compartment and metabolic CO 2 production rate. Additionally, parameter identification was performed using only two etCO 2 levels (highest and lowest applied minute ventilation) and three etCO 2 levels (highest, medium and lowest applied minute ventilation), respectively.
The identified model was then tested against all remaining measurements to evaluate the predictive performance. Figure 2 shows results of two patients for simulated etCO 2 compared to measured etCO 2 using a different number of measurements for parameter identification. Using all measured values for parameter identification leads to a mean deviation of 2.77% with a standard deviation of 3.08%. Utilizing just three measurements (etCO 2 measured at highest medium and lowest applied minute ventilation) leads to a mean deviation of 3.64% with a standard deviation of 4.31%. Decreasing the number of measurements used for parameter identification to only the highest and lowest applied minute ventilation leads to a mean error of 3.84% with a standard deviation of 4.84%. values at different levels of minute ventilation. a) resulting etCO 2 simulation using all measured values for parameter identification; b) using three measurements; c) using only etCO 2 measured at highest and lowest applied minute ventilation. Gray solid line denotes 0% error between measured and computed values, gray dotted lines depict +/-10% error bounds.
Results

Discussion
We have presented a model of ventilation-perfusion mismatch that is able to reproduce etCO 2 measured in patients at different levels of minute ventilation. Results show that the proposed model is able to closely reproduce the measured data with only a minimal deviation. Moreover, we have tested model performance, if only a small number of measurements are used for parameter identification. Results show, that two measurements conducted at high and low minute ventilations are sufficient for acceptable predictive performance of the presented model. Here, only one simulated etCO 2 was found to differ more than 10% compared to the measured value. Unfortunately, the model is not able to reproduce the measured time course of etCO 2 , thus a prediction on how fast a new equilibrium will be reached in the patient is not accomplishable. Extending the presented model by separate CO 2 storages with differing time constants should allow conducting these predictions. Still, prediction of patient reaction to changes in minute ventilation helps in finding the optimal setting to achieve a desired carbon dioxide removal in the patient. Moreover automated control algorithms might be aided by providing predictions on the possible outcome of a change in minute ventilation, speeding up the control process and minimizing the risk of controller overshoot. Being able to identify the proposed model with just two levels of minute ventilation in the patient allows application of model prediction with only a minimal grade of invasiveness.
